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O 1 Background




Background

Heterogeneous information network
analysis,especially meta path-based
social network analysis has attracted
more and more attention.
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Background

What is heterogeneous information
network

B Multiple type nodes(objects).
B Multiple type links between different type of nodes.

JUST LIKE THIS

Wenbao Li



Background

Conference 2

Conference 1
collectedin

Proceeding 4

collectedin
Proceeding 3
AY.

Proceeding 1 Proceeding 2
~ A, .
3 publlshln publishin . 35 publishin ~

Paper 7

publishin

citation

Paper 1 |t Paper3 — .
p ; : / P'jlperS

/
/

N P .
VR ’ ﬂgf’,l/ Paper 4 ) ;
5] . — > citation - -
N i — Paper 6
% Paper 8

v | Paper 2
\ 3 £ / ~
a5y \ B Lt ’ N N s s
authoredBy | % \, T | ¢ authoredBy 2 - = =< e ;
\ o w / ] / e e T N ™ g -
\ o~ e s v 4 ~ ~ - /
- \ / ~ s
\ > N T o Al / ~ i ~ / oo
s el —-F f / Y N - ~ / _ - authoredBy
S e \\ 7 N ” ~ a S
A Author 4 A Author 5 Author 6 A
Author 1 ~ < . Author 2 \ Author 3 "~ (AN e
\ l ~ / ]
\
/ o Y
\
a{ﬁlmlmn » .~ aﬁrlmnon .y _ - “affiliation
t é ’
| Institute 2 lnsllluu.

Institute

Figure 1: A Heterogeneous Information Network
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Background

What is meta path?
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(a) Meta Paths between Authors
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Background

Utilizing meta-path to improving the quality
of the following tasks.

Similarity search

Classification

Clustering(community detection)

Recommended system

Link prediction

This work is focusing on the clustering task!
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Related works

Meta path-based

B PathSim

L] presented a meta path-based similarity measure for
Hete. gaph

B User guided entity similarity search using meta-path
selection in hete. information networks.

L] proposed a meta path-based ranking model to find
entities with high similarity to a given query entity.
B HCC

L] is @ meta-path based heterogeneous collective
classification method
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Related works

Meta path-based

B PathSelClus

L] utilizes user guidance as seeds in some of the clusters
to automatically learn the best weights for each meta-path in
the clustering.

o ML

L] is @ multi-network link prediction framework by
extracting useful features from multiple meta paths.

Wenbao Li



Related works

Graph clustering

B A spectral clustering approach to optimally combining
numericalvectors with a modular network.

L] presented a clustering method which integrates numerical
vectors with modularity into a spectral relaxation problem.

B SCAN

L] is a structural clustering algorithm to detect clusters, hubs
and outliers in networks.
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Related works

Graph clustering

B MLR-MCL

L] is @ multi-level graph clustering algorithm using flows to
deliver significant improvements in both quality and speed.

B TopGC

L] is a fast algorithm to probabilisticlly search large, edge
weighted,directed graphs for their best clusters in linear time.

B BAGC

L] constructs a Bayesian probabilistic model to capture both
structural and attribute aspects of graph.
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Related works

Graph clustering

B GenClus

L] proposed a model-based method for clustering hete.
networks with different link types and different attribute types.
B CGC

L] is a multi-domain graph clustering model to utilize cross-
domain relationship as co-regularizing penalty to guide the
search of consensus clustering structure.

B FocusCO

L] solves the problem of finding focused clusters and
outliers in large attributed graphs.
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New Challenges
03 &

Basic ideas
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Vertex-centric clustering w.r.t multiple path
graphs

B Different meta paths carry different semantics
about the same type of entities.

New Challenges——>Basic ides¢
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(a) Meta Paths between Authors

(b) Example Vertex-centric Path Graph
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New Challenges——>Basic ides¢

Fine-grained vertex
assignment and
clustering objective.

B Kmeans,K-medoids
cannot satisfy.

Kun-Lung Wu (18)  Charu C. Aggarwal (32) Kun, 18) Charu C. Aggarwal (32) Kun-tung Wu (18)  Charu C. Aggarwal (32)
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(a) A-P-A Vertex Graph (b) Clustering 1 (¢) Clustering 2

Figure 2: Coarse Vertex Assignment/Clustering Objective
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New Challenges——>Basic ides¢

Edge-centric clustering w.r.t multiple path
graphs
B \ertex homophily without edge clustering is

insufficient for meta-path graph analysis on hete.
networks. Kun,

ing Wu (18)  Charu C. Aggarwal (32)
2(1,1)

1716,1)  1(1,0)

32 (16, 16)

9(9,0)

edik (10)  Philip S. Yu (49)
(¢) Clustering 2
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New Challenges——>Basic ideay_”’

Integrating vertex-centric clustering and
edge-centric clustering.
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VEPathCluster

Vertex/Edge-centric meta path graph
clustering

IS to simultaneously perform two clustering tasks:
Edges soft clustering.
Vertex soft clustering.

Goals:

Intra-cluster:;
Inter-cluster.

OO MO0 Nl
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VEPathCluster(1)
Initialization

Given heterogeneous network G=(V,E),M
meta paths,cluster number K.

B Construct M path graphs VG,,, which have
adjacent matrix P,,(1=m=M) and unify

1 (D) 1) (1) (l) (D)
P()zwl Py +-- +a)MP s.t. Zwm =1, ,wy, 20 (1)

m=1 \

How to initialize?

and how to update?

|

Detail in the later section
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VEPathCluster(1)
Initialization

B |nitialize the weights oV (1<m< M)

w(l) 1/ maxP w(l) . 1/ max Py,
I = YM y/maxP,’ "’ M — M |/maxP,

m=1 m=1

B Then cluster using Fuzzy C-Means(FCM)(just for
the first iteration)

X0 = ¢,)
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VEPathCluster(2)

Edge-centric random walk model
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(c) Edge-centric Graph
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VEPathCluster(2)
Edge-centric random walk model

Transition probability on edge-centric path
graph. { Quomsem) (o
T,,,(e,,,,-, €mj) =

NEg
Z[: ]m Qm(c)m[,emj) , 1<m<M
0, otherwise.

(2)

B Matrix format:
Tm = OmD—l, l<m<M (3)

A (32) (W, A) (2) (A, ) (32)

2 32 I ~ i I
009 033 024
W(18) ~ 1g18+4949 \Y(49)
ke W, v) (17)

8 49
4 8 0.09 0.24
G (10) (W, G) (8) (G, V) (9)

(d) Transition between Edges  (e) Transition Probability
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VEPathCluster(3)
Clustering-based multigraph model

Construct vertex multigraph VMG, from
VG, based the edge clustering result Yt
of previous iteration

P i vj) = Pu(i,v) X Yo V(i v), 1<m <M, 1<k<K  (4)

B The same as vertex,the edge multigraph

: (1)
Q. (emis emj) X Xk (€mi N emj)a €mi F €mjs
(1), ;.. P
R, (vg) X Xk (Va) + Ry (vp) X Xk (Vb), emi = emj- S)
l1<m<M, 1<k<K

(1)
ka (€mi, emj) =
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